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A traffic model based on the road surface conditions during adverse weather is presented. The surface of a road is
affected by snow, compacted snow, and ice, which affects the traffic behavior. In this paper, a new macroscopic traffic flow
model based on the transition velocity distribution is proposed which characterizes traffic alignment under adverse weather
conditions. Two examples are considered to illustrate the effect of the transition velocity behavior on traffic velocity and
density. Simulation results are presented which show that this model provides a more accurate characterization of traffic
flow behavior than the well known Payne–Whitham model. The proposed model can be used to reduce accidents and
improve road safety during adverse weather conditions.
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1. Introduction
Weather has a significant effect on traffic flow and im-

pacts traffic mobility, planning, and efficiency. During nor-
mal weather conditions, the traffic alignment is smooth as ve-
hicles cover distances quickly to align. In adverse weather
conditions, traffic alignment is affected by the surface con-
ditions of the road. Snow, ice, and/or compacted snow can
make the pavement slick. This reduces the friction between
the tires and road, so vehicles require longer distances and
more time to align than in normal weather. The alignment
in adverse weather has an effect on traffic flow. Vehicles move
slowly due to reduced friction and thus are more likely to form
clusters.[1,2] The reduced friction and smaller distances be-
tween vehicles in the clusters are the leading cause of acci-
dents in adverse weather conditions.[3]

A realistic characterization of traffic is required to re-
duce accidents and mitigate congestion on roads.[4] Adverse
weather conditions such as rain, fog, dust, snow, and ice re-
duce visibility, friction, and vehicle maneuverability which
cause delays and speed variability. An 18% increase in de-
lay has been observed on roads in adverse weather.[5] In snow,
when the temperature is above 0 ◦C, the injury rate is increased
by 6.6% compared to in normal weather, and by 15% when the
temperature is below 0 ◦C. In heavy rain when the temperature
is moderate, i.e., between 0 ◦C and 20 ◦C, the traffic volume
increases by 12%, but increases by only 8.5% when the tem-
perature is less than 0 ◦C and by 6.5% when the temperature
is greater than 20 ◦C.

Road safety is a major concern of every country. Acci-
dents cause serious injuries and loss of life as well as property
damage. According to the World Health Organization, 1.24

million road fatalities occurred during 2013 worldwide,[6] and
accident rates are highest when the temperature is below freez-
ing and in snowy weather. A single collision can cause mul-
tiple or chain reaction accidents, and this is more prevalent in
adverse weather conditions. Light snow can cause slippery
pavement with vehicle traction reduced by roughly 10%.[7]

On the other hand, heavy snowfall and rainfall reduce visibil-
ity and thus increase the time and distance to align, reducing
speeds by 16% to 40%. The speed declines by 30% to 40%
during a snowfall and with snowy or slushy pavement.[8] Ac-
cident rates have been shown to increase from 100% to 1000%
during snowfall.[9] There was a 20% increase in road acci-
dents during the winter season in Ottawa, Canada, from 1990
to 1998.[6] Snow affects driving behavior more compared to
other adverse weather conditions. The reason is that snow af-
fects both visibility and road traction. If the temperature is low
on the day after a heavy snowfall or high precipitation, there is
low traction due to reduced friction. Furthermore, snow cov-
ers lane markings and road signs which are designed to aid
drivers, which leads to a higher accident rate.[10] There is an
increase in fuel consumption and travel delay in snow and ice
conditions.[11] Traffic speeds were reduced by 3% to 5% with
light snow and 30% to 40% with heavy snow on a freeway in
Canada.[12] A study of a busy freeway in Minnesota stated that
in snow there is a speed reduction of 40%, a decrease in max-
imum traffic flow of 11%, and an increase in traffic alignment
time from 2 s to 3 s.[13]

There are three main types of traffic flow models: macro-
scopic, microscopic, and mesoscopic. Microscopic models
represent single vehicle position and velocity, while macro-
scopic models represent system-level characteristics. A meso-
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scopic model shares the properties of both microscopic and
macroscopic models. Vehicles are modeled at an individual
level while the traffic flow behavior is averaged. A macro-
scopic traffic flow model considers speed and density to de-
termine the cumulative behavior of traffic. The density ρ is
the average number of vehicles on a road segment per unit
length. The product of speed (velocity) v and density ρ deter-
mines the traffic flow per unit time. Lighthill, Whitham, and
Richards[14,15] developed a macroscopic traffic flow model
(known as the LWR model), which is based on the equi-
librium flow of vehicles. This model assumes that vehicles
align in zero time and ignores the transition velocity during
alignment.[16] Payne and Witham[17] independently developed
a two-equation model for traffic flow, which is known as the
Payne–Whitham (PW) model. The first equation is the conti-
nuity equation for the conservation of vehicles on a road, while
the second models the acceleration behavior of traffic based on
driver presumption, relaxation, and traffic acceleration. Driver
presumption is based mainly on changes in the forward traffic
density, while relaxation characterizes the alignment of traf-
fic during transitions. The PW model is known to produce
oscillatory behavior at traffic discontinuities. This is stop-and-
go traffic due to changes in traffic density during transitions
and is typical in congestion. The traffic flow is assumed to be
adjusted with a constant speed (velocity), which can produce
unrealistic results such as velocities below zero, which are im-
possible. Due to the instability of the PW model, it is unable
to accurately predict traffic clusters and their densities.[18]

Traffic flow behavior has been characterized based on
the road surface conditions. For example, the spatiotempo-
ral flow behavior on a flat road is different than that on a hilly
road.[19–24] The speed (velocity) varies as the slope changes
and this can cause accidents and congestion.[25,26] Further,
the slope angle and length have a significant effect on traf-
fic flow,[27] e.g., traffic oscillations increase with the downhill
slope and and are inversely proportional to the uphill slope.[19]

This paper presents a characterization of traffic flow dur-
ing adverse weather conditions based on road surface condi-
tions such as snow, compacted snow, and ice. Traffic flow
transitions occur due to a change in speed, and are affected by
weather conditions. The transition velocity is derived for traf-
fic during the alignment of flow at transitions. The distribution
of this velocity is obtained based on the road surface condi-
tions which are characterized by a severity index. This index
is high for low friction caused by snow, compacted snow, and
ice and the velocity during transitions should be low for safe
alignment. The effect of this transition velocity is incorporated
in the proposed macroscopic traffic flow model. This model is
evaluated on a circular road to demonstrate the alignment of
vehicles in adverse weather conditions. Results are presented
which show that this model accurately characterizes the traffic

flow during alignment. The flow has smaller variations than
with the PW model, which indicates reduced acceleration and
deceleration in adverse weather.

The rest of this paper is organized as follows. In Section
2, the transition velocity distribution based on the weather con-
ditions is derived. Then, a macroscopic traffic flow model is
presented which employs this distribution. Section 3 describes
the decomposition of both the proposed and PW models us-
ing the Roe scheme. The Jacobian matrix of both models is
developed to obtain the corresponding eigenvalues, eigenvec-
tors, and average velocities. The proposed and PW models are
evaluated and compared in Section 4. The spatial and tempo-
ral evolution of traffic flow, velocity, and density are presented
for a circular road under different weather conditions. Finally,
some conclusions are given in Section 5.

2. Traffic flow models
Payne and Whitham[17] independently developed a two-

equation model for traffic flow which is known as the PW
model. The first equation is

∂ρ

∂ t
+

∂ (ρv)
∂x

= 0. (1)

This is a conservation relation which indicates that the traf-
fic flow remains conserved and there are no transitions on the
road. In this case, no alignment is required for the traffic flow.
The assumptions are that the road length is infinite and there
is no acceleration or deceleration. The second equation is

∂ (ρv)
∂ t

+
v∂v
∂x

=
C2

0
ρ

∂ρ

∂x
+

(
v(ρ)− v

τ

)
. (2)

This indicates that there is acceleration and deceleration be-
cause of ingress and egress from the flow. When transitions
occur, alignment takes place during the relaxation time τ . C0

is the velocity constant and τ is the relaxation time to align ve-
locities during transitions. v(ρ)−v

τ
is called the relaxation term

and v(ρ) is the equilibrium velocity distribution which is de-
pendent on the density. According to the relaxation term, the
traffic adjusts to this distribution. Several models have been
proposed for v(ρ).[28] A commonly employed model is the
Greenshields model,[29,30] which is given by

v(ρ) = vm

(
1− ρ

ρm

)
. (3)

The anticipation term is

C2
0

ρ

∂ρ

∂x
, (4)

which accounts for spatial changes in the traffic density. It is
a function of the spatial gradient of density ∂ρ/∂x. The antic-
ipation term of the PW model cannot characterize the spatial
change in density in different weather conditions due to the
velocity constant. Thus, with the PW model drivers are alike
and behave the same in all conditions.
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Adverse weather conditions such as snow, compacted
snow, and ice have a significant impact on the traffic flow.
There is reduction in the speed (velocity) due to reduced fric-
tion between the tires and road surface. The effect of weather
can be characterized by a severity index which is given by[31]

β =
ds

fs
+Dc

dc

fc
+Di

di

fi
, (5)

where ds, di, and dc are the depth of snow, ice, and compacted
snow on the road, respectively. fs, fc, and fi are the corre-
sponding tire friction coefficients, and Dc and Di are the den-
sity ratios of compacted snow and ice to new snow, respec-
tively. The distance covered by a vehicle to align its velocity
during a transition is known as the distance headway. The time
to cover this distance is known as the time headway. The min-
imum distance required for safe alignment between vehicles
under normal weather conditions is the safe distance headway
H, and the time to cover this distance is the safe time head-
way α . In adverse weather, velocity is reduced due to lower
friction on the road and can be characterized as

vt(β ) =
H
α

(
1− β

βm

)
, (6)

where βm is the maximum severity index. When β = βm, the
transition velocity is zero as there is minimum friction between
the tires and road. When there is no snow, compacted snow, or
ice on the road and the surface of the road is clear, β = 0 and
the weather is considered normal. In normal weather, the tran-
sition velocity only depends on the safe distance and safe time
headways, i.e., vt = H/α . The transition velocity parameters
are summarized in Table 1.

Table 1. Transition velocity parameters.

Weather Severity index β Transition velocity vt

Worst βm 0
Normal 0 H/α

During adverse weather, the changes in traffic are based
on the road conditions. A driver will align with a smaller ve-
locity in adverse weather than in normal weather to avoid an
accident. The transition velocity vt(β ) is aligned during the
relaxation time τ so the rate at which the density changes is
vt(β )/τ . For a faster traffic flow, τ is smaller and the align-
ment is quicker. The relaxation time is the traffic alignment
sensitivity, and traffic alignment is less sensitive for a larger
relaxation time.

For the PW model, driver anticipation is characterized by
the velocity constant C0, so behavior is fixed for all transition
conditions including adverse weather. This model does not ac-
count for traffic behavior based on the surface condition of the
road. Thus, to better characterize this behavior a variable an-
ticipation term based on the road condition is introduced. To

achieve this, C2
0 in Eq. (4) is replaced with ∂

∂x

(
vt(β )

τ

)
to obtain

1
ρ

∂

∂x

(
vt(β )

τ

)
∂ρ

∂x
. (7)

Substituting Eq. (6) in Eq. (7) gives the anticipation term

∂

ρ∂x

 H
α

(
1− β

βm

)
τ

 ∂ρ

∂x
. (8)

This accounts for the spatial changes in density due to the
weather conditions. For a smaller τ , a larger change in the
density occurs during transitions, so traffic alignment is faster
and achieves a smooth flow in less time. The flow due to egress
and ingress with the PW model is characterized by the relax-
ation term [v(ρ)− v]/τ in Eq. (2). According to this term,
the traffic flow aligns based on the equilibrium velocity distri-
bution, which is based on the traffic density distribution. The
equilibrium velocity is large for a small density and vice versa.
In the proposed model, the traffic aligns based on the transi-
tion velocity distribution [H

α

(
1− β

βm

)
]/τ which considers the

surface conditions and safe headway. The transition velocity
is maximum for normal surface conditions, i.e., β = 0, and
the traffic aligns based on (H/α)/τ . In the PW model, large
abrupt changes in the traffic flow occur due to the unrealis-
tic constant C0 in the anticipation term, which results in traf-
fic oscillations. The relaxation term is used to smooth these
changes. However, in the proposed model, the changes in flow
are based on realistic road conditions and the relaxation is not
required to smooth the changes.

Substituting Eq. (7) in Eq. (2) gives the acceleration re-
lation based on the transition velocity distribution for the pro-
posed model which is

∂ (ρv)
∂ t

+
v∂v
∂x

=
∂

ρ∂x

 H
α

(
1− β

βm

)
τ

 ∂ρ

∂x
, (9)

and in normal weather conditions this is

∂ (ρv)
∂ t

+
v∂v
∂x

=
∂

ρ∂x

(
H
α

τ

)
∂ρ

∂x
. (10)

The first equation of the proposed model is the same as that in
the PW model.

3. Roe decomposition technique
High resolution discretization of the traffic flow model

is required to achieve accurate solutions. The high-order
schemes employed for LWR traffic flow models are able
to capture large discontinuities and achieve accurate solu-
tions. The complexity of these schemes can be reduced us-
ing relaxation,[32] so that the Jacobian matrix and eigenvalues
are not required.[33] The relaxation based on weighted essen-
tially non oscillatory (WENO) finite difference schemes was
used to obtain accurate solutions for inhomogeneous traffic
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flows.[34] However, WENO techniques cannot capture large
abrupt discontinuities.[35] Roe decomposition approximates
the large discontinuities and has been shown to provide con-
sistent and accurate results for vehicular and pedestrian traffic
flow models.[36] Therefore in this paper, the proposed and PW
models are discretized using Roe decomposition[37] to evalu-
ate their performance.

The Roe technique is used to approximate a nonlinear
system of equations

𝐺t +𝑓(𝐺)x = 𝑆(𝐺), (11)

where 𝐺 is the vector of data variables, 𝑓(𝐺) is the vector
of functions of the data variables, and 𝑆(𝐺) is the vector of
source terms. The subscripts t and x denote the partial deriva-
tives with respect to time and distance, respectively. Equa-
tion (11) can be expressed as

∂𝐺

∂ t
+

∂𝑓

∂𝐺

∂𝐺

∂x
= 𝑆(𝐺), (12)

where ∂𝑓/∂𝐺 is the gradient of the function of data variables
with respect to these variables. Let 𝐴(𝐺) be the Jacobian ma-
trix of the system so that Eq. (12) can be written as

∂𝐺

∂ t
+𝐴(𝐺)

∂𝐺

∂x
= 𝑆(𝐺). (13)

Setting the source term to zero gives the quasilinear form

∂𝐺

∂ t
+𝐴(𝐺)

∂𝐺

∂x
= 0. (14)

The Roe technique is used to linearize the Jacobian matrix
𝐴(𝐺) by decomposing it into eigenvalues and eigenvectors.
It is based on the concept that the data variables, eigenvalues,
and eigenvectors remain conserved for small changes in time
and distance. This technique is widely employed because it is
able to capture the effects of abrupt changes in the data vari-
ables. The data variables in the PW and proposed models are
density ρ and flow ρv.

Consider a road divided into M equidistant segments and
N equal duration time steps. The total length is xM so a seg-
ment has length δx = xM/M, and the total time duration is
tN , so a time step is δ t = tN/N. The Jacobian matrix is ap-
proximated for road segments (xi +

δx
2 ,xi− δx

2 ). This matrix
is obtained for all M segments in every time interval (tn+1, tn),
where tn+1− tn = δ t. Let ∆𝐺 denote the change in the data
variables 𝐺, and ∆𝑓 the corresponding change in the func-
tions of these variables. Furthermore, let 𝐺i be the average
values of the data variables in the ith segment. The change in
flux at the boundary between the ith and (i+1)th segments is
defined as

∆𝑓i+ 1
2
=𝐴(𝐺i+ 1

2
)∆𝐺, (15)

where 𝐴(𝐺i+ 1
2
) is the Jacobian matrix at the segment bound-

ary and 𝐺i+ 1
2

is the vector of data variables at the boundary
obtained using the Roe technique. The flux approximates the
change in traffic density and flow at the segment boundary so
that

∆𝑓i+ 1
2
=𝐴(𝐺i+ 1

2
)(𝐺i+1−𝐺i) , (16)

where the approximation ∆𝐺= (𝐺i+1−𝐺i) is used. The flux
at the boundary between segments i and i+ 1 at time n can
then be approximated by

𝑓n
i+ 1

2
(𝐺n

i ,𝐺
n
i+1) =

1
2
(
𝑓(𝐺n

i )+𝑓(𝐺n
i+1)

)
− 1

2
∆𝑓i+ 1

2
, (17)

where 𝑓(𝐺n
i ) and 𝑓(𝐺n

i+1) denote the values of the functions
of the data variables in road segments i and i+1, respectively,
at time n. Substituting Eq. (16) into Eq. (17) gives

𝑓n
i+ 1

2
(𝐺n

i ,𝐺
n
i+1) =

1
2
(
𝑓(𝐺n

i )+𝑓(𝐺n
i+1)

)
− 1

2
𝐴(𝐺i+ 1

2
)
(
𝐺n

i+1−𝐺n
i
)
. (18)

This approximates the change in density and flow without con-
sidering the source. The updated data variables are obtained
by including the source term, which gives

𝐺n+1
i =𝐺n

i −
δ t
δx

(
𝑓n

i+ 1
2
−𝑓n

i− 1
2

)
+δ t𝑆(𝐺n

i ). (19)

4. Jacobian matrix
In this section, the Jacobian matrix 𝐴(𝐺) is derived. We

first consider the PW model and convert it into conservation
form giving

vρt + v(ρv)x = 0, (20)

where the subscripts t and x denote the partial derivatives with
respect to time and distance, respectively. Then

(ρv)t = ρvt + vρt , (21)

and rearranging gives

vρt = (ρv)t −ρvt . (22)

Substituting Eq. (22) into Eq. (20), we obtain

ρvt = v(ρv)x +(ρv)t . (23)

Multiplying Eq. (2) by ρ gives

ρvt +ρvvx +C2
0ρx = ρ

v(ρ)− v
τ

, (24)

and substituting Eq. (23) in Eq. (24) results in

v(ρv)x +(ρv)t +ρvvx +C2
0ρx = ρ

v(ρ)− v
τ

. (25)

We have

(ρvv)x = v(ρv)x +ρvvx, (26)
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and rearranging gives

v(ρv)x = (ρvv)x−ρvvx. (27)

Substituting Eq. (27) in Eq. (25), we obtain

(ρvv)x +(ρv)t +C2
0ρx = ρ

v(ρ)− v
τ

. (28)

Now, using the fact that

(ρvv)x =

(
(ρv)2

ρ

)
x
,

Eq. (28) can be written as

(ρv)t +

(
(ρv)2

ρ
+C2

0ρ

)
x
= ρ

(
v(ρ)− v

τ

)
, (29)

which is in conservation form. The source term can be con-
sidered as traffic movement into (ingress) and out of (egress)
the traffic flow. If the source term is assumed to be zero and
the traffic mobility is conserved, then the right hand side of
Eq. (29) is zero, so

(ρv)t +

(
(ρv)2

ρ
+C2

0ρ

)
x
= 0. (30)

The model in quasilinear form is then

𝐺=

(
ρ

ρv

)
, 𝑓(𝐺) =

(
f1
f2

)
=

(
ρv

(ρv)2

ρ
+C2

0ρ

)
,

𝑆(𝐺) =

(
0
0

)
. (31)

The Jacobian matrix 𝐴(𝐺) = ∂ f/∂G from Eq. (31) is

𝐴(𝐺) =

(
0 1

− (ρv)2

ρ2 +C2
0

2ρv
ρ

)
, (32)

which gives

𝐴(𝐺) =

(
0 1

−v2 +C2
0 2v

)
. (33)

The eigenvalues λi of the Jacobian matrix are required to ob-
tain the flux in Eq. (18), and are obtained from Eq. (33) as the
solution of∣∣𝐴(𝐺)−λ𝐼

∣∣= ∣∣∣∣ −λ 1
−v2 +C2

0 2v−λ

∣∣∣∣= 0, (34)

which gives

λ
2−2vλ + v2−C2

0 = 0. (35)

The eigenvalues are then

λ1,2 =
2v±

√
4v2−4(v2−C2

0)

2
= v±

√
C2

0 . (36)

For the PW model

λ1,2 = v±C0. (37)

For the proposed model, we have

C2
0 =

∫
∂

∂x

((
H(1− β

βm
)

ατ

))
dx

and substituting this in Eq. (30) gives the eigenvalues

λ1,2 = v±

√√√√√
H(1− β

βm
)

ατ

. (38)

The eigenvectors are obtained by solving

|𝐴(𝐺)−λ𝐼|x = 0, (39)

where

𝑥=

(
1
x2

)
. (40)

For the PW model, using Eq. (33) and λ1 = v +C0 from
Eq. (37), the eigenvectors are obtained from Eq. (39) as

𝑒1 =

(
1

v+C0

)
, (41)

𝑒2 =

(
1

v−C0

)
. (42)

For the proposed model, using Eq. (33) and λ1 = v +√(
H(1− β

βm
)

ατ

)
from Eq. (38), equation (39) takes the form


−v−

√(
H(1− β

βm
)

ατ

)
1(

H(1− β

βm
)

ατ

)
− v2 v−

√(
H(1− β

βm
)

ατ

)

(

1
x2

)
= 0, (43)

so the eigenvectors are

𝑒1 =

 1

v+

√(
H(1− β

βm
)

ατ

) , (44)

𝑒2 =

 1

v−

√(
H(1− β

βm
)

ατ

) . (45)

To obtain the average speed for the improved model, us-
ing Eqs. (15) and (33), ∆ f can be expressed as

∆𝑓 =

(
∆ f1
∆ f2

)
=𝐴(𝐺)∆𝐺

=

 0 1(
H(1− β

βm
)

ατ

)
− v2 2v

( ∆ρ

∆ρv

)
. (46)

From Eq. (46), we have

∆ f2 =

((
H(1− β

βm
)

ατ

)
− v2

)
∆ρ +2v∆ρv, (47)
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and substituting

C2
0 =

∫
∂

∂x

((
H(1− β

βm
)

ατ

))
dx

in Eq. (31) gives

𝑓(𝐺) =

(
f1
f2

)
=

 ρv
(ρv)2

ρ
+ρ

(
H(1− β

βm
)

ατ

) , (48)

so then

∆𝑓(𝐺) =

(
∆ f1
∆ f2

)
=

 ∆(ρv)

∆

(
(ρv)2

ρ
+ρ

(
H(1− β

βm
)

ατ

)) . (49)

Equating Eq. (47) with ∆𝑓2 from Eq. (49), we obtain

v2
∆ρ−2v∆ρv+∆ρv2 = 0, (50)

and taking the positive root gives the average speed of the pro-
posed model as

v =
2∆ρv+2

√
(∆ρv)2− (∆ρ)(∆ρv2)

2∆ρ
. (51)

Substituting ∆ρv = ρi+1vi+1− ρivi, ∆ρv2 = ρi+1v2
i+1− ρiv2

i ,
and ∆ρ = ρi+1−ρi in Eq. (51), we obtain the average speed at
the boundary of segments i and i+1

vi+ 1
2
=

vi+1
√

ρi+1 + vi
√

ρi√
ρi+1 +

√
ρi

. (52)

To obtain the average speed for the PW model, using
Eqs. (15) and (33), ∆𝑓 can be expressed as

∆𝑓 =

(
∆ f1
∆ f2

)
=𝐴(𝐺)∆𝐺=

(
0 1

C2
0 − v2 2v

)(
∆ρ

∆ρv

)
. (53)

From Eq. (53), we obtain

∆ f2 = (−v2 +C2
0)∆ρ +2v∆ρv, (54)

and using Eq. (31) gives

𝑓(𝐺) =

(
f1
f2

)
=

(
(ρv)(

(ρv)2

ρ
+C2

0ρ

))
, (55)

so then

∆𝑓(𝐺) =

(
∆ f1
∆ f2

)
=

(
∆(ρv)

∆

(
(ρv)2

ρ
+C2

0ρ

))
. (56)

Equating Eq. (54) with ∆ f2 in Eq. (56) results in

v2
∆ρ−2v∆ρv+∆ρv2 = 0. (57)

The average density ρi+ 1
2

at the boundary of segments i
and i+ 1 is given by the geometric mean of the densities in
these segments

ρi+ 1
2
=
√

ρi+1ρi. (58)

The eigenvalues of the Jacobian matrix 𝐴(𝐺i+ 1
2
) of the pro-

posed model are

λ1,2 = vi+ 1
2
±

√√√√√
H(1− β

βm
)

ατ

. (59)

The eigenvalues of the Jacobian matrix for the PW model are

λ1,2 = vi+ 1
2
±C0, (60)

so the change in speed due to a transition is a constant. The
corresponding eigenvectors are

𝑒1,2 =

(
1

vi+ 1
2
±C0

)
. (61)

5. Entropy fix
Entropy fix is applied to the Roe technique to smooth any

discontinuities at the segment boundaries. The Jacobian ma-
trix 𝐴(𝐺i+ 1

2
) is decomposed into eigenvalues and eigenvec-

tors to approximate the flux in the road segments in Eq. (18).
Thus, the Jacobian matrix for the road segments is replaced
with the entropy fix solution given by

𝑒|𝛬|𝑒−1,

where |𝛬|=
[
λ̂1, λ̂2, . . . , λ̂k, . . . , λ̂n

]
is a diagonal matrix which

is a function of the eigenvalues λk of the Jacobian matrix, and
𝑒 is the corresponding eigenvector matrix. The Harten and
Hayman entropy fix scheme[38] is employed here and is given
by

λ̂k =

{
δ̂k, if |λk|< δ̂k,

|λk|, if |λk| ≥ δ̂k,
(62)

with

δ̂k = max
(

0, λi+ 1
2
−λi, λi+1−λi+ 1

2

)
. (63)

This ensures that the λ̂k are not negative and are similar at the
segment boundaries. For the proposed model, we obtain

𝑒|𝛬|𝑒−1

=

 1 1

vi+ 1
2
+

√(
H(1− β

βm
)

ατ

)
vi+ 1

2
−

√(
H(1− β

βm
)

ατ

)

×


∣∣∣∣∣vi+ 1

2
+

√(
H(1− β

βm
)

ατ

)∣∣∣∣∣ 0

0

∣∣∣∣∣vi+ 1
2
−

√(
H(1− β

βm
)

ατ

)∣∣∣∣∣



×


vi+ 1

2
−

√(
H(1− β

βm
)

ατ

)
−1

−vri+ 1
2
−

√(
H(1− β

βm
)

ατ

)
1

× −1

2

√(
H(1− β

βm
)

ατ

) ,

070202-6



Chin. Phys. B Vol. 27, No. 7 (2018) 070202

and for the PW model, we have

𝑒|𝛬|𝑒−1 =

(
1 1

vi+ 1
2
+C0 vi+ 1

2
−C0

)

×

∣∣∣vi+ 1
2
+C0

∣∣∣ 0

0
∣∣∣vi+ 1

2
−C0

∣∣∣


×

(
vi+ 1

2
−C0 −1

−vi+ 1
2
−C0 1

)
−1
2C0

.

The corresponding flux is obtained from Eq. (18) using 𝑓(𝐺i)

and 𝑓(𝐺i+1) and substituting 𝑒|Λ |𝑒−1 for 𝐴(𝐺i+ 1
2
). The up-

dated data variables ρ and ρv are then obtained at time n using

Eq. (19).

6. Simulation results
The performance of the proposed and PW models is eval-

uated in this section using the parameters given in Table 2.
Periodic boundary conditions are used to evaluate the traffic
evolution on a circular road. The total simulation time for the
proposed model is 75 s in both Examples 1 and 2, whereas the
PW model is evaluated for 300 s in Example 1. The PW model
is evaluated for a larger time to determine if the variations in
the traffic flow are reduced over time as a large variation is
observed at 20 s.

Table 2. Simulation parameters.

Parameter Symbol Value
Equilibrium velocity distribution v(ρ) Greenshields distribution
Length of road xM 3000 m
Maximum normalized density ρm 1
Maximum severity index βm 1
Relaxation time τ 0.5 s
Safe time headway α 2 s
Example 1:

Total simulation time for the proposed model tN 75 s
Total simulation time for the PW model tN 300 s
Number of time steps for the proposed model N 75/1.25 = 60
Safe distance headway for the proposed model H 25 m
Severity index β 0.5
Road step for the proposed and PW models δx 60 m
Time step for the proposed and PW models δ t 1.5 s
Number of time steps for the PW model N 300/1.5 = 200
Maximum velocity for the proposed
and PW models vm 20 m/s
Velocity constant C0 10 m/s

Example 2:
Maximum velocity for the proposed
and PW models vm 25 m/s
Total simulation time for the proposed model tN 75 s
Time step for the proposed model δ t 1.5 s
Road step for the proposed model δx 60 m
Number of time steps for the proposed model N 75/1.5 = 50
Safe distance headway for the proposed model H 58 m
Severity index β 0.0,0.15,0.95

The proposed and PW models are evaluated with vm =

20 m/s and 25 m/s in Examples 1 and 2, respectively. The ini-
tial velocity distribution at t = 0 is the Greenshields equilib-
rium velocity distribution given by Eq. (3).[29] In Example 1,
the safe distance headway is H = 25 m, whereas in Example 2
the safe distance headway is H = 58 m.[39] A smaller safe dis-
tance headway is used in Example 1 to provide a scenario with
short distances between vehicles. For both examples, α = 2 s.

Both models are evaluated using a relaxation time of τ =

0.5 s, which is suitable for transitions over small distances.[40]

Further, a small value of δx is used to ensure accurate nu-
merical results. Therefore, the road of length xM = 3000 m

is divided into M = 50 equal segments with δx = 60 m for
both models. To satisfy the CFL condition,[41] δ t = 1.25 s is
employed in Example 1 and δ t = 1.5 s in Example 2 for the
proposed model. Then tN = 75 s is divided into N = 60 and
N = 50 intervals in Examples 1 and 2, respectively. For the
PW model, tN = 300 s and is divided into N = 200 intervals.
The initial density ρ0 at time t = 0 s for Example 1 has the
following distribution:

ρ0 =


0.01, for x≤ 500;
0.3, for 500 < x≤ 1300;
0.1, for 1300 < x≤ 1750;
0.01, for x > 1750,

(64)
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which spans the first 3000 m of the road. The maximum den-
sity is ρm = 1, which means that the road is 100% occupied.
The initial density ρ0 at time t = 0 s for Example 2 has the
following distribution:

ρ0 =


0.05, for x≤ 500;
0.3, for 500 < x≤ 1300;
0.15, for 1300 < x≤ 1750;
0.05, for x > 1750,

(65)

which spans the first 3000 m of the road. The velocity con-
stants used in the literature for the PW model vary between
2.4 m/s and 57 m/s to evaluate the performance with different
traffic densities.[28,42,43] Thus the value of C0 considered here
is 10 m/s.

6.1. Example 1

In this example, the traffic behavior in the proposed model
is evaluated for β = 0.5. Figure 1 presents the traffic density
with the proposed model over a time span of 75 s for the 50
road steps. At the 60th time step (after 75 s), the traffic density
is highest between the 30th and 40th road steps with a maxi-
mum of 0.25, so the headway between vehicles is small. The
density gradually reduces from 0.25 at the 37th road step to
0.1 at the 50th road step, so the headway between vehicles in-
creases. The minimum traffic density of 0.01 occurs from the
15th to 30th road steps. The maximum change of 0.19 occurs
between the 30th and 40th road steps. This is a smaller varia-
tion in density than with the PW model as shown in Fig. 2.

0.4

0.2

0
0 10 20 30 40 50 60

60
40

20
0

Number of road steps
Num

ber 
of 

tim
e s

tep
s

N
or

m
al

iz
ed

 d
en

si
ty

Fig. 1. (color online) The proposed model density behavior on a cir-
cular road with β = 0.5, relaxation time τ = 0.5 s, safe time headway
α = 2 s, and safe distance headway H = 25 m.
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Fig. 2. (color online) The PW model density behavior with C0 = 10 m/s
on a circular road.

The traffic density behavior on the circular road over a
time span of 300 s with the PW model is given in Fig. 2. The

density at the 150th time step reaches 0.6 at the 35th road step.
For a density of 0.6, the headway is small and the changes in
velocity are high as observed in Fig. 4. The change in traffic
density between the 0th and 30th road steps is large. At 300 s
(150th time step), the density at the 0th road step is 0.6 and
reduces to 0.2 at the 30th road step and then changes to 0.4 at
the 32nd road step. The density at the 150th time step changes
from 0.2 at the 48th road step to 0.8 at the 50th road step, and
exhibits oscillatory behavior, which is unrealistic.

The velocity behavior on the circular road over a time
span of 75 s with the proposed model is given in Fig. 3. At the
60th time step (after 75 s), the velocity is 15 m/s at the 37th
road step, which is the minimum velocity. At the 60th time
step, the velocity increases gradually from 15 m/s at the 37th
road step to 18 m/s at the 50th road step. The maximum ve-
locity of 20 m/s occurs at the 60th time step from the 15th to
30th road steps. The maximum variation of 5 m/s occurs at the
60th time step between the 30th and 40th road steps, which is
smaller than that with the PW model as shown in Fig. 4.
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Fig. 3. (color online) The proposed model velocity behavior on a cir-
cular road with β = 0.5, relaxation time τ = 0.5 s, safe time headway
α = 2 s, and safe distance headway H = 25 m.

The velocity behavior on the circular road over a time
span of 300 s with the PW model is given in Fig. 4. This
shows that the velocity reaches 30 m/s even though 20 m/s
is the maximum possible velocity. Further, there are drastic
changes in velocity between the 25th and 30th road steps at
the 150th time step. The velocity varies from 15 m/s at the
25th road step to 25 m/s at the 30th road step. This change of
10 m/s in velocity within 5 road steps is not realistic. With the
proposed model, the variations in velocity are much smaller
than those with the PW model.
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Fig. 4. (color online) The PW model velocity behavior with C0 = 10 m/s
on a circular road.

The traffic flow behavior with the proposed model over a
time span of 75 s for the 50 road steps is presented in Fig. 5.
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At the 60th time step (after 75 s), the traffic flow is high be-
tween the 30th and 40th road steps and attains a maximum of
3.75 veh/s. At the 60th time step, the traffic flow gradually
reduces from 3.75 veh/s at the 37th road step to 2 veh/s at the
50th road step. The minimum traffic flow of 0.2 veh/s occurs
at the 60th time step from the 15th to 30th road steps. The
maximum variation of 1.75 veh/s occurs at the 60th time step
between the 30th and 40th road steps, which is smaller than
with the PW model as shown in Fig. 6.
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Fig. 5. (color online) The proposed model flow behavior on a circular
road with β = 0.5, relaxation time τ = 0.5 s, safe time headway α = 2 s,
and safe distance headway H = 25 m.
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Fig. 6. (color online) The PW model flow behavior with C0 = 10 m/s
on a circular road.

The traffic flow behavior on the circular road over a time
span of 300 s with the PW model is given in Fig. 6. At the 50th
time step, the maximum flow of 8 veh/s occurs at the 30th road
step. The flow varies from 2 veh/s at the 20th road step to 8
veh/s at the 30th road step at this time. The traffic flow at the
150th time step with the PW model reaches 6 veh/s at the 35th
road step. The change in traffic flow between the 0th and 30th
road steps is large. At 300 s (150th time step), the flow at the
0th road step is 6 veh/s and reduces to 2 veh/s at the 30th road
step, and then changes to 4 veh/s at the 32nd road step. The
flow changes from 2 veh/s at the 48th road step to 8 veh/s at
the 50th road step, and exhibits oscillatory behavior, which is
unrealistic.

The results in Figs. 2, 4, and 6 show that the PW model
does not accurately characterize the traffic flow. The variations
in traffic flow are larger than those with the proposed model.
Further, the proposed model results in velocities between 0 m/s
and 20 m/s, whereas the velocity with the PW model exceeds
the maximum. The variations in traffic flow and velocity are
small with the proposed model, which is expected in adverse
weather.

6.2. Example 2

Figure 7 presents the traffic density behavior at 75 s with
both the PW and proposed models on a circular road of length
3000 m. The proposed model traffic flow behavior is given for
β = 0, 0.15, and 0.95, corresponding to three different weather
conditions. β = 0 represents normal weather, β = 0.15 char-
acterizes low adverse weather, and β = 0.95 indicates severe
adverse weather.
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Fig. 7. (color online) The proposed model density behavior with
β = 0.0, 0.15, and 0.95, safe time headway α = 2 s, and safe distance
headway H = 58 m at 75 s, on a circular road of length 3000 m. The
PW model density behavior with C0 = 10 m/s is also given.

The traffic density with β = 0.95 increases from 0.05 at
1500 m to 0.32 at 2000 m and then reduces to 0.12 at 2700
m at 75 s. The traffic density varies from 0.12 at 2900 m to
0.05 at 500 m. The maximum density is 0.32 at 2000 m. This
indicates that the headway is small at 2000 m with β = 0.95.
The density is approximately 0.05 between 500 m and 1500 m,
which is the minimum density with β = 0.95. With β = 0.15,
the density gradually reduces from 0.12 at 0 m to 0.05 at
1300 m and then gradually increases to 0.23 at 2400 m, which
then reduces to 0.12 at 3000 m. The maximum density vari-
ation of 0.27 with β = 0.95 occurs between 1500 m and
2000 m, whereas with β = 0.15, the maximum density vari-
ation of 0.11 occurs between 1300 m and 2400 m. This in-
dicates that a smaller variation in density occurs over a larger
distance in low adverse weather compared to that in severe ad-
verse weather. In normal weather (β = 0), the traffic density
is smoother than that with β = 0.15. The maximum density is
0.21 with β = 0 which is less than the 0.23 with β = 0.15. The
majority of vehicles with the PW model are between 1500 m
and 700 m on the circular road. The density varies from 0.05
at 1500 to 0.27 at 1800 m and then reduces to 0.05 at 700 m.
This large change in density (0.22) occurs over a small dis-
tance of 300 m and then reduces gradually to 0.05 over a dis-
tance of 1900 m. These results show that the proposed model
can characterize traffic behavior in different weather condi-
tions whereas the PW model exhibits the same behavior in all
weather conditions.
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Figure 8 presents the traffic density behavior with the pro-
posed model on a circular road over a time span of 75 s with
β = 0.15. In low adverse weather, the density of 0.29 at t = 0
s gradually reduces to 0.11 at 75 s. The maximum density at
75 s is 0.23 at 2400 m. A variation in density of 0.11 occurs
between 1300 m and 2400 m. Figure 9 presents the corre-
sponding traffic density behavior with β = 0.95. The maxi-
mum change in density of 0.27 occurs between 1500 m and
2000 m, and the maximum density is 0.32 at 2000 m. This
shows that in severe adverse weather, the traffic is spread over
a smaller distance with a larger variation in density than in low
adverse weather.
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Fig. 8. (color online) The proposed model density behavior with β =
0.15, safe time headway α = 2 s, and safe distance headway H = 58 m
on a circular road of length 3000 m.
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Fig. 9. (color online) The proposed model density behavior with β =
0.95, safe time headway α = 2 s, and safe distance headway H = 58 m
on a circular road of length 3000 m.

The traffic velocity at 75 s is shown in Fig. 10 for β =

0.15 and 0.95. For β = 0.95, the fastest traffic is between
500 m and 1000 m with a maximum velocity of 24 m/s, and
the slowest traffic is between 1800 m and 2300 m with a max-
imum velocity of 18 m/s. With β = 0.15, the velocity reaches
25 m/s between 500 m and 700 m. The traffic attains the max-
imum velocity as the surface friction is larger than that with
β = 0.95. The velocity with β = 0.15 ranges from 25 m/s at
500 m to 16 m/s at 1600 m, while with β = 0.95 it ranges
from 24 m/s at 1000 m to 18 m/s at 2000 m. The variation
in velocity is 6 m/s with β = 0.95, while with β = 0.15 it is
9 m/s. Smaller changes in velocity are expected in more ad-
verse weather.

The traffic flow with the proposed model on a circular
road of 3000 m for β = 0.15 and 0.95 at 75 s is presented
in Fig. 11. The traffic flow with β = 0.95 increases from 1.2
veh/s at 1500 m to 5.8 veh/s at 2000 m and then reduces to
2.2 veh/s at 2700 m. The traffic flow varies from 2.2 veh/s
at 2700 m to 1.1 veh/s at 500 m. The maximum flow is 5.8

veh/s at 2000 m. The traffic flow is approximately 1.1 veh/s
between 500 m and 1500 m, which is the minimum flow with
β = 0.95. With β = 0.15, the traffic flow gradually reduces
from 2.15 veh/s at 0 m to 1.1 veh/s at 1300 m and then gradu-
ally increases to 4.0 veh/s at 2400 m, which then reduces to 2.2
veh/s at 3000 m. With β = 0.95, the variation in flow is 4.7
veh/s between 1500 m and 2000 m, whereas with β = 0.15,
the variation in flow is 2.9 veh/s between 1300 m and 2400 m.
This indicates that smaller variations in flow occur in low ad-
verse weather compared to in severe adverse weather.
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Fig. 10. (color online) The proposed model velocity behavior with
β = 0.15 and 0.95, safe time headway α = 2 s, and safe distance head-
way H = 58 m at 75 s on a circular road of length 3000 m.
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Fig. 11. (color online) The proposed model flow behavior with β = 0.15
and 0.95, safe time headway α = 2 s, and safe distance headway
H = 58 m at 75 s on a circular road of length 3000 m.
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Fig. 12. (color online) The proposed model flow behavior with β =
0.15, safe time headway α = 2 s, and safe distance headway H = 58 m
on a circular road of length 3000 m.

The traffic flow behavior over a circular road of 3000 m
with β = 0.15 and 0.95 over a time span of 75 s is presented
in Figs. 12 and 13, respectively. Figure 12 shows that with
β = 0.15, the variation in flow after 75 s is 2.9 veh/s with a
maximum flow of 4 veh/s at 2400 m. Figure 13 shows that
with β = 0.95, the variation in flow is 4.7 veh/s with a max-
imum flow of 5.8 veh/s at 2000 m. A large variation in flow
over time is expected in more adverse weather. Thus as the
severity increases, the majority of the vehicles are located over
a smaller distance and there is a smaller variation in velocity.
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This example shows that the proposed model can characterize
the traffic under different weather conditions. The PW model
has the same response for all weather conditions and so cannot
characterize traffic during adverse weather.
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Fig. 13. (color online) The proposed model flow behavior with β =
0.95, safe time headway α = 2 s, and safe distance headway H = 58 m
on a circular road of length 3000 m.

7. Conclusion
Adverse weather has a significant impact on traffic be-

havior and driving safety. Tire friction on a road is reduced
with snow, ice, and compacted snow, which leads to a higher
accident rate. In this paper, a model was developed to charac-
terize traffic flow based on the surface conditions of the road.
In adverse weather, traffic with the proposed model has less
variations in velocity and density than with the PW model,
which is more realistic. Further, traffic with the PW model has
oscillatory behavior and the velocity shows drastic changes,
which is not expected in adverse weather conditions. In ad-
verse weather, drivers are cautious so small changes in density
and velocity are expected. With the proposed model, traffic
becomes smoother over time than that with PW model, which
is more realistic. In addition, the variations in velocity are not
as large as those with the PW model and stay within the veloc-
ity limits. The small variations in traffic density and velocity
with the proposed model during adverse weather are a better
characterization of traffic flow. The PW model cannot char-
acterize traffic flow in different weather conditions due to the
use of constant density changes for all conditions. Conversely,
the proposed model employs a severity index based on road
surface conditions to characterize the traffic flow according to
the weather.
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